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Abstract
Chest radiography (CXR) is widely used for initial respiratory assessment, but its 
lesion detection capability is typically inferior to that of computed tomography. 
Several studies have reported that artificial intelligence (AI)-based bone suppression 
techniques can enhance the accuracy of lesion detection and disease classification. 
Previously, we developed an AI-based bone suppression system based on dual-
energy subtraction principles. However, the subtraction process limited its versatility 
and introduced significant artifacts. To overcome these challenges, we improved 
the system to generate bone-suppressed images directly, eliminating the need for 
subtraction. This study demonstrates the utility of the updated bone suppression 
system as a pre-processing tool for regression analyses in assessing coronavirus 
disease 2019 severity. Four regression models – DenseNet, ResNet18, ResNet50, and 
RegNetY-120 – were employed to predict the severity based on scores annotated 
by radiologists. Except for DenseNet, all models showed statistically significant 
improvements in Pearson correlation coefficients (PCCs) when using bone-suppressed 
images generated by the updated model. The highest PCC, 0.895, was achieved by 
the ResNet18 model. The direct image generation process improved the clinical 
practicality of the bone suppression system while reducing artifacts. Furthermore, 
the significant improvement in linearity suggests that AI-driven bone suppression 
enhances the visibility of abnormalities and improves the accuracy for pulmonary 
condition assessments. These advancements could expand the application of bone 
suppression techniques in various regression analyses, including disease severity, 
progression, and recurrence risk. Nonetheless, further validation using larger and 
more diverse datasets, as well as a broader range of prediction models, is necessary.

Keywords: Bone suppression; Artificial intelligence; COVID-19; Regression model; 
Chest radiography

1. Introduction
Coronavirus disease 2019 (COVID-19) emerged in late 2019,1 rapidly developing into a 
global pandemic that overwhelmed healthcare systems due to its high contagiousness, 
unprecedented morbidity, and mortality rates.2,3 Since then, with the spread of various 
mutant strains, over seven million deaths have been reported worldwide.4 While severe 
cases of COVID-19 can lead to death, many patients remain asymptomatic or experience 
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mild symptoms.5 Mild cases are often self-limiting and do 
not require hospitalization, whereas severe cases necessitate 
admission to the intensive care unit; mechanical ventilation, 
including extracorporeal membrane oxygenation; and 
treatment with anti-inflammatory agents.6 An early 
and accurate diagnosis, along with a reliable severity 
assessment, is critical for effective patient management and 
preventing the overburdening of healthcare facilities.

Chest radiography (CXR) is widely used for initial 
evaluations in medical emergencies due to its low cost, 
rapid examination, and widespread availability.7 While 
CXR is useful for detecting COVID-19, particularly during 
pandemic situations, its sensitivity is lower than that of 
chest computed tomography (CT).8,9 Typical imaging 
patterns observed in COVID-19 patients include bilateral, 
peripheral, and basal-predominant ground-glass opacities 
without pleural effusion.8,10,11 Although CT is generally 
considered more reliable for identifying such subtle contrast 
lesions,9 the potential of image pre-processing techniques 
to enhance COVID-19 detection using CXR has been 
extensively explored.12-14 For instance, Sharifrazi et  al.12 
demonstrated that Sobel filter pre-processing improves 
the performance of convolutional neural network (CNN) 
models for detecting COVID-19 using CXR. Similarly, 
Arias-Garzón et al.13 reported that pre-processing with 
segmentation techniques leads to a more accurate and 
reliable COVID-19 classification. Avolio et al.14 further 
suggested that pre-processing methods could benefit 
not only CNN-based approaches but also other machine 
learning techniques, such as multiple-instance learning.

Furthermore, Takaki et al.15 demonstrated that bone 
suppression processing through temporal subtraction 
significantly increased radiologists’ sensitivity and reduced 
their false-positive rates in detecting pulmonary lesions 
on CXR. In contrast, van der Heyden16 suggested that 
dual-energy subtraction (DES) technology enhances the 
diagnostic accuracy of CXR by eliminating bone structures 
and improving soft-tissue visualization. Building on these 
conventional bone suppression methods, advancements 
in artificial intelligence (AI) have introduced innovative 
alternatives for enhancing bone suppression.17-30 Unlike 
conventional DES systems, which rely on dual X-ray 
exposure and specialized detectors equipped with copper 
plates, AI-based DES (AI-DES) approaches improve 
accessibility while offering additional advantages, such as 
reduced motion artifacts and improved noise characteristics. 
A representative study employed a generative adversarial 
network (GAN)-based model to suppress bone structures 
in CXR without the need for labeled data, utilizing 
digitally reconstructed radiographs from CT data.18 Recent 
advancements have further extended these applications 
to pediatric imaging.19,20 For example, Xie et al.20 utilized 

bone edge detection to generate both bone-enhanced and 
bone-suppressed images, demonstrating the potential for 
improved pneumonia diagnosis in children.

We also previously developed an AI-DES system that 
successfully generated bone-suppressed images; however, 
its clinical applicability was limited by the need for raw 
high- and low-energy images, which are often unavailable, 
and by labor-intensive weighted subtraction processing.22 
To overcome these limitations, we updated the system to 
generate bone-suppressed images directly from routine 
chest radiographs in this study. This improvement enhances 
the system’s versatility and clinical utility by streamlining 
the entire image-processing workflow.

Several studies have demonstrated the advantages of 
AI-based bone suppression techniques in classification tasks 
related to various lung diseases, including COVID-19.23-29 
In particular, Rani et al.23 proposed a model that preserves 
spatial features, suggesting that effectively pre-processed 
radiographs could enhance diagnostic performance. The 
authors further reported that integrating AI-based bone 
suppression with pre-processing techniques, such as lung 
segmentation and augmentation, significantly improves 
the classification accuracy of pneumonia, including 
COVID-19.24 Lam et al.25 reported that bone-suppressed 
images, generated using a CNN-based model proposed by 
Rajaraman et al.,26 significantly increased the area under 
the receiver operating characteristic curve for COVID-
19 classification tasks, compared to standard radiographs 
using a modified VGG16 model. Similarly, Xu et al.30 
developed a CNN-based rib removal model, SADXNet, 
which showed superior performance in lung nodule 
detection, lung anomaly classification, and localization 
tasks. These findings highlight the importance of bone 
suppression in enhancing the accuracy of lung disease 
classification.

Given these promising results, we hypothesize that bone 
suppression techniques may also be effective in regression 
tasks, such as assessing disease severity, predicting the risk of 
progression, and estimating patient prognosis. Regression 
models, which predict continuous values by identifying 
subtle variations, can be more complex and challenging 
to construct than classification models, particularly when 
dealing with high-dimensional or imbalanced data.31 This 
study explores the utility of AI-based bone suppression in 
COVID-19 severity assessment using CXR, comparing the 
performance of regression models with and without bone 
suppression to validate its effectiveness.

Recent studies have proposed AI-based prediction 
models for COVID-19 severity assessment.32-34 Cohen 
et al.32,33 used DenseNet-based regression models to 
evaluate COVID-19 severity based on the extent of lung 
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involvement and the degree of opacity, achieving Pearson 
correlation coefficients (PCCs) of 0.80 and 0.78 for these 
tasks, respectively. Signoroni et al.34 introduced BS-Net, 
an end-to-end architecture, to segment, align, and 
quantify lung compromise based on the Brixia score.35,36 
The performance of BS-Net was evaluated not only for 
classification tasks but also for regression tasks using 
linear regression of the Brixia score, with the highest PCC 
reaching 0.85. These studies underscore the potential of AI 
approaches in evaluating COVID-19 severity.

Moreover, transparency, explainability, and 
interpretability are critical components of AI, especially 
in medical applications.37 Understanding why and how 
a model derives a particular decision is essential for 
ensuring clinical accountability and building confidence. 
Gradient-weighted class activation mapping (Grad-CAM) 
is a widely used technique to visualize decision-making 
processes by highlighting image regions that contribute 
to the model’s output.38 By generating heatmaps based on 
gradients from the final convolutional layer, Grad-CAM 
offers explainable insights to support clinical decision-
making.39,40 Talaat et al.40 integrated Grad-CAM into a 
breast cancer classification model, providing radiologists 
with valuable insights into the model’s decision-making 
process and fostering trust in the AI system. In this study, 
Grad-CAM is used to validate the explainability and 
interpretability of COVID-19 severity prediction models.

Our work integrates AI-based bone suppression pre-
processing into regression models to assess COVID-19 severity 
using CXR. The primary aim is to expand the applications of 
AI-based bone suppression techniques, verifying their utility 
in severity assessment. By improving the accuracy of severity 
predictions, this approach could enhance patient monitoring 
and optimize healthcare resource allocation, particularly in 
resource-limited settings. Our findings may also validate 
the applications of AI-based bone suppression in regression 
tasks for chest image diagnosis. Moreover, this study seeks 
to bridge the gap between the present limitations of CXR 
and the superior sensitivity of CT, ultimately contributing to 
more efficient and scalable diagnostic tools for COVID-19 
and other pulmonary diseases.

2. Data and methods
In this section, we explain the development of the bone 
suppression model, followed by the method for assessing 
COVID-19 severity.

2.1. Bone suppression model

2.1.1. Data collection

We collected chest radiographs from 600  patients 
using a dual-shot DES system (Discovery XR656, GE 

Healthcare, Chicago, IL, USA) at Kitasato University 
Hospital (Sagamihara City, Japan), to develop a bone 
suppression model. Most of these patients had pulmonary 
inflammatory diseases or pulmonary mass lesions. 
The detector specifications are detailed in our previous 
work.22 Radiography was performed with tube voltages of 
130 kV for high-energy images and 60 kV for low-energy 
images. The system produces bone-suppressed and bone-
enhanced images, along with standard chest radiographs 
for presentation, all with a resolution of 3524 × 4288 pixels 
and 13-bit contrast, from the raw data of the high-  and 
low-energy images. For training, we utilized 480 pairs of 
standard and bone-suppressed radiographs, while 120 
pairs were reserved for testing.

2.1.2. Data pre-processing

To prepare the dataset for model training, we first cropped 
the standard and bone-suppressed radiographs to extract 
regions of interest (ROIs) centered on the lung area. The 
lung regions were identified using a pre-trained U-Net41 
model, which segments chest radiographs into the lung, 
heart, other anatomical areas, and background, assigning 
pixel values of 255, 85, 170, and 0, respectively, in 8-bit 
contrast. The U-Net architecture employed consisted of 
five depths, incorporating an input layer, five encoder 
layers, five decoder layers, and an output layer.

For training the U-Net model, we utilized all 247 chest 
radiographs from the Japanese Society of Radiological 
Technology database, along with their corresponding 
segmented labels.42 The U-Net model was trained for up to 
100 epochs using the RMSprop optimizer, with a learning rate 
of 0.0001, a weight decay of 1 × 10−8, and a momentum of 0.9.

After training, the U-Net model was applied to identify 
the lung regions in the standard radiographs collected at 
Kitasato University Hospital, which had been converted 
to 8-bit contrast in advance. These identified lung regions 
were then cropped from both the standard and bone-
suppressed radiographs. Finally, the cropped images were 
resized to 1024 × 1024 pixels to standardize the input size 
for the subsequent training of the bone suppression model.

2.1.3. Bone suppression network architecture and 
training settings

We employed the pix2pix43,44 network to generate 
virtually bone-suppressed images from the standard 
chest radiographs. Figure  1 illustrates a flowchart of the 
bone suppression and pre-processing steps. The network 
architecture follows the design proposed by Isora et al.,43 
as described in our previous work,22 with modifications 
made to the resolution of the generator and discriminator 
to handle 1024 × 1024 resolution images.
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The input datasets in 8-bit contrast were normalized 
by converting pixel values to floating-point values ranging 
from 0 to 1. This normalization allowed the pix2pix 
network to process floating-point data, effectively reducing 
quantization errors. After processing, the network output 
was rescaled by multiplying the floating-point values by 
255, converting them back to 8-bit images.

The network was trained for up to 4000 epochs, with 
a batch size of 2, using an NVIDIA TITAN RTX on 
an Ubuntu 20.04.6 LTS operating system. We applied 
the Adam optimizer with momentum parameters of 
𝛽1 = 0.5 and 𝛽2 = 0.999. The learning rates were dynamically 
adjusted throughout the training: The generator started at 
0.002 and decreased by 0.002 for each epoch, while the 
discriminator started at 0.02 and decreased by 0.02 per 
epoch. The implementation was carried out using Python 
3.9.18 and PyTorch 1.12.0.

2.1.4. Performance evaluation

The performance of the bone suppression model was 
evaluated using the test dataset by measuring the similarity 
between the generated virtual bone-suppressed images and 
the ground truth images. Image similarity was assessed 
using two metrics: The peak signal-to-noise ratio (PSNR) 
and the structural similarity index (SSIM).45,46

The PSNR measures image similarity based on the ratio 
of noise to the maximum pixel values, calculated as follows:

PSNR
P
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Where mean squared error (MSE) is the mean square 
error between two images, and Pmax is the maximum value, 
which is 255 in this study.

The SSIM measures image similarity between two 
images, x and y, as follows:
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Where µx and µy are the means; σ x
2  and σ y

2  are the 
variances; and σxy is the covariance for x and y in the ROIs, 
which consist of 5 × 5 pixels in this study. C1 and C2 are 
defined as C1 = (0.01L)2 and C2 = (0.03L)2, where L is 255 in 
this study.

2.2. COVID-19 severity assessment model

2.2.1. Data collection

We selected 192 chest radiographs from 136 COVID-19 
patients in a publicly available image database provided by 
Cohen et al.33 Although the database contains more than 
700 images collected in several medical centers across 
26  different countries, only 192 images were annotated 
using the Brixia score33,34 by two expert radiologists: 
A board-certified specialist with 22 years of experience and 
a trainee with 2  years of experience. The scoring system 
was initially introduced in a radiology department in Italy 
during the pandemic, and it was later validated for risk 
stratification in a large population.36 This score evaluates 
pneumonia severity by dividing the lungs into six zones and 
assigning an integer score ranging from 0 to 3 to each zone. 
Specifically, a score of 0 denotes no lung abnormalities, 1 
indicates the presence of interstitial infiltrates, 2  reflects 
a combination of interstitial (dominant) and alveolar 
infiltrates, and 3  signifies interstitial and alveolar 
(dominant) infiltrates.

The total Brixia score, which ranges from 0 to 18, was 
calculated by summing the scores of all six zones. To 

Figure 1. Flowchart of bone suppression model training
Abbreviation: ROI: Region of interest.
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derive the final labels for the regression models described 
in subsection 2.2.3., we averaged the total scores from 
both radiologists and normalized this value to a floating-
point number between 0 and 1 by dividing by 18. These 
normalized scores were used as the labels for the regression 
models. The mean and standard deviation (SD) of the 
scores across 192 images were 0.380 and 0.260, respectively. 
Figure 2 provides an overview of the severity assessment 
process.

2.2.2. Data pre-processing

First, the radiographs were cropped and resized to 
center on the lung area, following the process described 
in subsection 2.1.2. Next, the images were transformed 
into bone-suppressed images using the AI-based bone 
suppression model developed in subsection 2.1. Both the 
standard radiographs and the bone-suppressed images 
were independently transformed to a resolution of 512 × 
512 pixels with 8-bit contrast. Subsequently, each type of 
image was then randomly split into training and test data 
in an approximately 80:20 ratio, ensuring that all images 
from the same patient were grouped together in the same 
split. Five-fold cross-validation was applied to each dataset 
separately, and, to enhance robustness, this process was 
repeated 3 times using different random seeds.

2.2.3. Regression models and training settings

We employed several CNN architectures from different 
generations – DenseNet,47 ResNet18, ResNet50,48 and 
RegNetY-12049 – all pre-trained on ImageNet.50 To adapt 
these models for the regression task, we modified their final 
fully connected layers to have a single output that predicts 
a continuous value, corresponding to the normalized 
Brixia score. These models were trained using the MSE 
loss function for up to 25 epochs in each cross-validation 

fold. The training was conducted on an NVIDIA GeForce 
RTX 4070 with a Windows 11 operating system, utilizing 
Python 3.8.18 and PyTorch 2.2.1.

Based on our initial experiments, which indicated 
that the Stochastic Gradient Descent (SGD) optimizer 
consistently outperformed the Adam optimizer, we adopted 
SGD with a learning rate of 0.001 and a momentum of 
0.9 for all models. In addition, a learning rate scheduler 
(StepLR) was applied to reduce the learning rate by a factor 
of 0.1 every 5 epochs.

2.3. Performance evaluation

2.3.1. Relationship between truths and predictions

We compared the performance of the severity assessment 
models between the standard chest radiograph dataset 
and the bone-suppressed image dataset by computing the 
mean ± SD of the mean absolute errors (MAEs) and PCCs 
across all folds and random seeds. The PCC quantifies the 
linear relationship between two variables,51 as expressed by 
the following:
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Where r is the PCC; xi and yi denote the individual 
sample points; and x  and y  are the means of xi and yi, 
respectively.

These metrics were calculated using the 
“mean_absolute_error” function from the Python “sklearn.
metrics” library and the “pearsonr” function from the 
Python “scipy.stats” module.

Statistical significance tests were conducted using a 
two-tailed Student’s t-test to compare the average MAEs 

Figure 2. Flowchart of coronavirus disease 2019 severity assessment. The Brixia scoring system assigns an integer value from 0 to 3 to each of the six lung 
zones (A1 to F1). The total scores from two radiologists were averaged and then normalized to generate the final label scores.
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and PCCs between the standard chest radiograph dataset 
and the bone-suppressed image dataset. The statistical 
tests and calculation of P-values were performed using the 
Python “scipy.stats” module.

2.3.2. Explainability of the severity assessment models

To validate the explainability and interpretability of the 
severity assessment models, we applied Grad-CAM38 
to generate heatmaps that exhibit the gradients in the 
final convolutional layer for the corresponding datasets 
tested in subsection 2.3.1. We used the “visualize_cam” 
function from the “gradcam.utils” module to generate 
these heatmaps, highlighting the regions that are most 
influential in predicting the severity.

3. Results
3.1. Generated bone-suppressed images

Figure 3 presents the bone-suppressed images generated by 
our updated bone suppression model, compared with the 
corresponding ground truth images for three cases from 
the test dataset collected at Kitasato University Hospital. 
The generated images closely resemble the ground truth, 
exhibiting a high degree of image similarity, with an average 
PSNR of 40.4 dB and an SSIM of 0.962 across the entire 
test dataset. Effective bone suppression was particularly 
achieved in the ribs and vertebral bones while preserving 
pneumonia and mass lesions.

In our previous AI-DES model, insufficient bone 
suppression was an avoidable issue due to enhanced 
quantization errors in the subtraction process.22 In contrast, 
the updated model shows a significant improvement in 
bone suppression by directly generating bone-suppressed 
images, eliminating the need for the subtraction process. 

Furthermore, as shown in the enlarged images in Figure 3, 
the ground truth image of the third case exhibits motion 
artifacts, whereas the generated image displays a remarkable 
reduction in these artifacts. These findings highlight the 
model’s ability to enhance image quality, surpassing that of 
the ground truth and our previous model.

Figure  4 showcases four examples of standard chest 
radiographs from the COVID-19 database, accompanied 
by the corresponding bone-suppressed images generated 
by our bone suppression model, and their severity score 
labels based on Brixia scores. This demonstrates the robust 
effectiveness of our bone suppression model, even when 
applied to an external dataset with diverse lung conditions.

3.2. Performance in COVID-19 severity assessment

Table  1 compares the performance of each trained 
regression model on the standard chest radiograph dataset 
versus the bone-suppressed image dataset, showing the 
averages and SDs of the MAEs and PCCs for the test data 
across all folds and random seeds. The table also includes 
the results of statistical significance tests. For cases 
where statistically significant differences were observed 
(P < 0.05), the better-performing averages are highlighted 
in bold, along with the corresponding P-values.

The ResNet18, ResNet50, and RegNetY-120 models 
demonstrated statistically significant improvements in the 
PCCs for the bone-suppressed image dataset compared 
to the standard chest radiograph dataset. In addition, the 
ResNet18 and RegNetY-120 models exhibited statistically 
significant lower MAEs, indicating superior predictive 
performance. In contrast, the DenseNet model showed 
similar performance on both datasets, with no statistically 
significant differences in either the MAEs or PCCs.

Figure 3. Comparison of virtually generated bone-suppressed images and the ground truth images. The third case also presents the enlarged images of the 
lower left lung field.
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Figures  5 and 6 illustrate examples of standard chest 
radiographs, bone-suppressed images, their corresponding 
Grad-CAM-generated heatmaps, and the scores predicted 
by the ResNet50 model. In the heatmaps, the color 
spectrum represents activation levels, with red indicating 
the highest activation areas, followed by yellow, blue, and 
transparency as activation decreases. In most cases in the 
test dataset, the high-activation areas were relatively more 
focused on the inner lung regions in the bone-suppressed 
images than in the standard radiographs, as shown in 
Figures 5 and 6. Furthermore, in the two cases in Figure 5, 
the predicted scores from the bone-suppressed images 
were closer to the true score labels than those from the 
standard radiographs. For example, in case 1, labeled with 
a true score of 0.556, the severity score predicted from the 
bone-suppressed image was 0.537, while the score from 
the standard radiograph was 0.342. In contrast, the two 
cases in Figure 6 illustrate instances where the predicted 
scores from the bone-suppressed images are deviated 

further from the true labels than those from the standard 
radiographs, despite the heatmaps consistently indicating 
high-activation areas in the lung regions. In particular, in 
case 2, which has a true score of 0.472, the heatmap for the 
bone-suppressed image indicates the highest activation in 
the right lung area; however, the predicted score of 0.401 
was further from the true label than the score of 0.493 
predicted from the standard radiograph.

4. Discussion
In this study, we developed an AI-based bone suppression 
model for CXR and applied it to a publicly available 
COVID-19 image database. The pix2pix model 
demonstrated a high degree of image similarity to the 
ground truth images, achieving PSNR and SSIM metrics 
comparable to those reported by existing bone suppression 
models for chest radiographs.17,23,26-27 As a result, our 
present model effectively removes bone structures while 
enhancing the visibility of lung tumors and inflammation 

Table 1. Performance metrics of each model for standard chest radiographs versus bone‑suppressed images in COVID‑19 
severity assessment

Model MAE PCC

Standard radiograph BS image Statistical significance Standard radiograph BS image Statistical significance

DenseNet 0.0823±0.0286 0.0768±0.0451 NS 0.864±0.0953 0.873±0.164 NS

ResNet18 0.112±0.0551 0.0722±0.0435 0.00225* 0.797±0.216 0.895±0.150 0.0175*

ResNet50 0.0843±0.0261 0.0685±0.0178 NS 0.858±0.130 0.882±0.105 0.0230*

RegNetY‑120 0.112±0.0379 0.0993±0.0319 0.0448* 0.811±0.143 0.868±0.0984 0.0181*

Note: Means±standard deviations across all folds are presented for the MAEs and PCCs. The statistical significance column lists P values for statistically 
significant cases (P<0.05*). Value in boldface indicated the better‑performing average.
Abbreviations: BS: Bone‑suppressed; MAE: Mean absolute error; NS: not significant; PCC: Pearson correlation coefficient, COVID‑19: Coronavirus 
disease 2019.

Figure 4. Examples of standard chest radiographs from a publicly available coronavirus disease 2019 database, along with the corresponding bone-suppressed 
images produced by our artificial intelligence model. The severity scores based on the Brixia score are displayed at the bottom of each image pair.
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and reducing motion artifacts, addressing the limitations 
of traditional dual-shot DES systems.52,53 Further 
improvements to the model architecture and parameter 
optimization could enhance its performance. For instance, 
Rani et al.23 combined the pix2pix discriminator with 
Wasserstein GAN with gradient penalty,54 achieving higher 
similarity with a PSNR of 43.588 and an SSIM of 0.989.

The enhanced image quality and practicality of our 
updated system, which eliminates the need for labor-
intensive subtraction processing, effectively address 

the limitations of our previous system.22 Moreover, this 
improved model has the potential to significantly enhance 
the diagnostic capabilities of CXR while maintaining the 
cost-effectiveness and time-efficiency benefits over CT 
scans. Its clinical applicability is further supported by its 
ability to generate high-quality images when applied to 
an external dataset, suggesting robustness across diverse 
scenarios, including different races, clinical conditions, 
and imaging systems. However, the limited sample size of 
the COVID-19 images used in this study underscores the 

Figure 6. Standard chest radiographs, bone-suppressed images, their corresponding heatmaps, and the scores predicted by the ResNet50 model for two test 
cases, where the predicted scores derived from the standard radiographs are closer to the true score labels than those from the bone-suppressed images.

Figure 5. Standard chest radiographs, bone-suppressed images, their corresponding heatmaps, and the scores predicted by the ResNet50 model for two test 
cases, where the predicted scores from the bone-suppressed images are closer to the true score labels than those from the standard radiographs.
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need for further validation, as AI model performance is 
often influenced by biases in the training data. Specifically, 
the small dataset size may have led to imbalances in disease 
severity, patient age distribution, and gender ratio. In fact, 
the mean label score of 0.380 and SD of 0.260 suggest 
that most of the images are associated with lower severity 
scores, potentially limiting the model’s performance and 
generalizability. Consequently, the effectiveness of bone 
suppression for severity assessment may not be applicable 
to all patient populations or clinical settings. Furthermore, 
artificially generated images can exhibit undesirable 
artifacts or implausible shadows, even when produced 
by cutting-edge models.55 Therefore, the quality of the 
bone-suppressed images should be carefully inspected 
by experts, such as radiologists and respiratory medicine 
physicians, to identify potential artifacts and ensure that 
the visibility of lesions is preserved.

We applied the updated bone suppression model as a 
pre-processing step in COVID-19 severity assessment using 
regression models. By utilizing the bone-suppressed images, 
we observed statistically significant improvements in linear 
correlations between predicted scores and true labels across 
various regression models, including classical models such 
as ResNet18 and the newer model RegNetY-120. Notably, 
the highest PCC of 0.895 exceeded the performance 
reported in related studies.32,34 However, the DenseNet 
model showed no significant differences in performance 
with and without bone suppression. We acknowledge that, 
again, the small dataset size remains a significant limitation, 
potentially affecting the generalizability of this study. 
Furthermore, the variability in performance across different 
regression models warrants further investigation. In future 
work, we plan to confirm the effectiveness and robustness of 
bone suppression techniques using larger and more diverse 
datasets and a broader range of prediction models.

The clinical implications of this study are promising. 
The proposed bone suppression system has the potential to 
enhance the diagnostic performance of CXR by improving 
the visibility of abnormalities and enabling more accurate 
disease assessment. Beyond its established effectiveness 
in classification tasks, bone suppression techniques could 
facilitate regression-based evaluations of disease severity, 
progression, and recurrence risk. Integrating this system 
into diagnostic image viewing software would allow 
radiologists and physicians to access bone-suppressed 
images as additional clinical information. Moreover, as 
demonstrated in our assessment of COVID-19 severity, 
these techniques could serve as a pre-processing tool 
for computer-aided diagnosis systems. This integration 
may help reduce the discrepancy in diagnostic accuracy 
between CXR and CT.

In addition, we employed Grad-CAM to visualize the 
rationale for the model’s decisions. We confirmed that the 
bone suppression techniques effectively directed the model’s 
focus to the inner lung field. The effect could enhance the 
explainability and interpretability of the models, thereby 
increasing confidence in their predictions. However, even 
when the activated areas of the models were focused within 
the lung fields, the predicted scores did not consistently 
align with the true scores. Consequently, improving 
prediction accuracy while fostering explainability remains 
a challenge for achieving broader acceptance as a reliable 
diagnostic support tool.

In summary, this study improved the clinical applicability 
of the AI-based bone suppression system by eliminating 
the need for subtraction processing. The updated system 
enhanced the visibility of lung abnormalities, leading to more 
accurate predictions of pneumonia severity, as demonstrated 
by statistically significant improvements in the linear 
correlation between predicted severity scores and actual 
labels. These findings underscore the utility of AI-driven 
bone suppression in CXR, particularly for regression tasks 
related to disease severity, progression, and recurrence risk. 
Furthermore, the bone suppression techniques guided the 
prediction model to concentrate on the inner lung fields, 
suggesting potential improvements in the reliability of clinical 
assessments. The application of bone suppression in assessing 
COVID-19 severity could optimize patient monitoring and 
healthcare resource allocation. In addition, this advancement 
has the potential to elevate the diagnostic accuracy of CXR, 
providing valuable tools to overcome existing limitations, 
such as inferior contrast resolution and the superimposition 
of anatomical structures compared to CT.

5. Conclusion
This study successfully developed and validated an 
AI-based bone suppression model for CXR, which 
effectively removes bone structures while highlighting 
lung abnormalities. The model not only improves image 
quality but also streamlines the entire image processing 
workflow, increasing its clinical practicality. We applied 
the bone suppression model as a pre-processing step to 
facilitate more accurate predictions of COVID-19 severity. 
The findings demonstrate the potential of bone suppression 
techniques in assessing various pulmonary conditions, 
particularly through regression analyses. Future research 
should focus on validating bone suppression techniques 
with larger and more diverse datasets, as well as exploring 
a range of prediction models. In addition, addressing 
potential biases in AI outputs and enhancing the model’s 
explainability will be essential for ensuring its reliable 
integration into routine clinical practice.
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